Abstract In order to interpret glycopeptide tandem mass spectra, it is necessary to estimate the theoretical glycan compositions and peptide sequences, known as the search space. The simplest way to do this is to build a naïve search space from sets of glycan compositions from public databases and to assume that the target glycoprotein is pure. Often, however, purified glycoproteins contain co-purified glycoprotein contaminants that have the potential to confound assignment of tandem mass spectra based on naïve assumptions. In addition, there is increasing need to characterize glycopeptides from complex biological mixtures. Fortunately, liquid chromatography-mass spectrometry (LC-MS) methods for glycomics and proteomics are now mature and accessible. We demonstrate the value of using an informed search space built from measured glycomes and proteomes to define the search space for interpretation of glycoproteomics data. We show this using α-1-acid glycoprotein (AGP) mixed into a set of increasingly complex matrices. As the mixture complexity increases, the naïve search space balloons and the ability to assign glycopeptides with acceptable confidence diminishes. In addition, it is not possible to identify glycopeptides not foreseen as part of the naïve search space. A search space built from released glycan glycomics and proteomics data is smaller than its naïve counterpart while including the full range of proteins detected in the mixture. This maximizes the ability to assign glycopeptide tandem mass spectra with confidence. As the mixture complexity increases, the number of tandem mass spectra per glycopeptide precursor ion decreases, resulting in lower overall scores and reduced depth of coverage for the target glycoprotein. We suggest use of α-1-acid glycoprotein as a standard to gauge effectiveness of analytical methods and bioinformatics search parameters for glycoproteomics studies.
Introduction
While analytical methods have developed to the point that it is now feasible to acquire high quality MS and tandem MS data on glycopeptides, a consensus regarding confidence in sitespecific glycosylation assignments has yet to emerge. This results in part from the fact that glycoproteomics methods are still maturing [1] ; however, the lack of wellcharacterized standard glycoproteins also limits the ability to assess methods unambiguously. Given the central role of glycosylation in physiology, the field requires clear understanding of the appropriate uses and limitations of both mature and emerging glycoproteomics methods.
For our purposes, glycoproteomics is the determination of site-specific glycosylation of glycoproteins. This includes efforts to characterize glycopeptides in a bottom-up fashion, whereby glycoproteins are digested with proteolytic enzymes and glycopeptides with a single site of glycosylation are identified using LC-MS. The scope of glycoproteomics ranges from characterization of recombinant or purified glycoproteins to discovery of glycopeptides from complex biological matrices, including tissue, blood, and urine. Thus, as in proteomics, the complexity ranges over several orders of magnitude.
Determination of accurate masses defines the range of glycopeptide compositions with respect to peptide and glycan present; however, even for the most accurate measurements, the information is ambiguous [2] . One approach to reducing the ambiguity is to identify clusters of glycopeptide masses that differ by monosaccharide units [3, 4] and/or to digest using specific exoglycosidases [5] . The glycopeptide ions can also be selected for tandem mass spectrometry. Collisional excitation of glycopeptides, including collisioninduced dissociation (CID), collisionally activated dissociation (CAD), and higher-energy collisional dissociation (HCD), preferentially dissociates the glycan portion of the glycopeptide. The extent of dissociation is higher for nonresonant dissociation such as those observed in beam type (Q-TOF, triple quadrupole and HCD) dissociation than for resonant dissociation observed in trapped ion instruments. It is necessary to observe peptide backbone fragments in glycopeptide tandem MS for confident assignment of glycopeptide identity [6] [7] [8] . Because the glycopeptide ions are protonated, monosaccharide rearrangements occur [9] , making assignment of glycan topologies from collisional dissociation tandem mass spectra risky.
Investigators have developed approaches to determine the mass of the peptide portion of glycopeptides using the presence of ions corresponding to peptide+n (monosaccharide), where n = 0-3, in the tandem mass spectra [4, [10] [11] [12] [13] . Provided sufficiently high collision energy is used, glycopeptide tandem mass spectra contain product ions from dissociation of the peptide backbone [14, 15] that are useful for assigning the glycopeptide sequence [12, 16] . Other investigators have used ion trap multistage tandem MS to isolate and dissociate the peptide portion of the molecule [11] .
Electron activated dissociation (ExD) preferentially cleaves the peptide portion of glycopeptides to produce a sequence ladder [17] . Thus, the use of a combination of collisional dissociation and ExD produces complementary information on the glycan and peptide, respectively [18] . Electron transfer dissociation (ETD) [19] [20] [21] [22] has proven very useful for the analysis of glycopeptides [23] . Investigators have therefore developed schemes whereby the presence of signature glycan oxonium ions in collisional tandem mass spectra are used to trigger subsequent ETD tandem mass spectra [24] . While the extent of dissociation of the peptide backbone is higher for ETD, the overall efficiency is lower than collisional dissociation, requiring more abundant precursor ions to accommodate longer reaction times.
In order for the field to reach consensus regarding analytical and bioinformatics methods for glycoproteins, it is important to examine the underlying assumptions. One assumption regards the structural complexity of glycoproteins. Thus, glycoprotein analysis can be viewed as determining which among a set of theoretical structures is the most probable based on the known or assumed sample mixture. The set of theoretical glycopeptides, known as a search space, consists of the peptide sequences, multiplied by number of possible glycan structures, multiplied by any other structural/chemical variants (such as oxidations, deamidations, etc.). Ideally we would like to use the mass spectral data to calculate confidence values for the search space so as to identify the site-specific glycosylation present. In order to do this, the search space must be defined accurately. The best way to define the proteins present in the sample is to measure the proteome. Likewise, analytical measurement of the released glycome is the best way to determine the glycans present. The purpose of this article is to examine the effectiveness of glycoproteomics under scenarios where the search space is defined based on naïve assumptions versus using glycomics and proteomics data and the effects of increasing matrix complexity on data acquisition and interpretation.
Materials and methods
Standard human serum glycoproteins were purchased from Sigma-Aldrich (St. Louis, MO). Glycoproteins were reduced with dithiothreitol and alkylated using iodoacetamide. The samples were then subjected to tryptic digestion and individual glycoprotein tryptic digests were mixed to generate samples of scaling complexity levels as below:
Alpha-1-acid glycoprotein (AGP) (complexity level 1) Glycoprotein mix 3: AGP + transferrin + fetuin Glycoprotein mix 4: AGP+ transferrin + fetuin + haptoglobin Glycoprotein mix 5: AGP + transferrin + fetuin + haptoglobin + alpha-2-macroglobulin The highest complexity level analyzed was AGP in pooled human serum (Sigma-Aldrich, St. Louis, MO). Since, serum contains very high abundances of albumin and immunoglobulin G (IgG), it was necessary to deplete these resident proteins to observe coverage on the glycoproteins of interest [25] [26] [27] . Albumin and IgG were depleted using ProteoExtract® Albumin/IgG Removal Kit (EMD Millipore, Billerica MA). Depleted serum and glycoprotein mixes were subjected to sample preparation and analysis using a multi-pronged approach, as described previously [28] .
Proteomics analyses
Tryptic samples were deglycosylated using peptide N-glycosidase F (PNGaseF, New England Biolabs, Ipswitch MA) and subjected to triplicate C18 LC-MS/MS analyses using a QExactive Plus mass spectrometer (Thermo Scientific, San Jose, CA) equipped with an Advion NanoMate nanoESI source, coupled to a Waters NanoAcquity nanoLC system. A Waters™ Xbridge™ reversed-phase column (150 μm × 100 mm) with 1.7 μm BEH C18 resin and a Waters™ trap column (180 μm × 20 mm) packed with 5 μm Symmetry™ C18 stationary phase were used for online desalting and separation of the proteomics samples. The mass spectrometer was programmed to acquire data-dependent tandem MS, using instrument parameters described previously [28] . Glycoproteins used in complexity mixtures were analyzed both individually and as mixtures of increasing complexity.
Glycomics analyses
N-Linked glycans were released from tryptic digests using PNGaseF. Released glycans were separated from deglycosylated peptides using C18 reversed-phase spin columns (Thermo Pierce, Rockford IL). Glycans were desalted using PD MiniTrap G-10 columns (GE Healthcare, Piscataway NJ), as per the manufacturer's instructions. Glycan samples were analyzed, in triplicate, using HILIC-MS using an Agilent TM 6520 LC-MS system with a chip-cube nanoESI source, as described previously [29] .
Glycoproteomics analyses
Tryptic digests of glycoprotein mixes and depleted serum were analyzed using a previously described chip LC-MS platform [15] . Glycopeptide enrichment was performed online using a HILIC trapping column followed by C18 reversedphase separation and data-dependent tandem MS analysis.
Proteomics data analysis
Proteomics data were analyzed using Peaks Studio 7.5 [30] (Bioinformatics Solutions Inc., Waterloo ON). Triplicate data files for individual samples were combined in Peaks Spider Searches, which combine database, error-tolerant PTM searching and de novo sequencing. Data were searched against a Uniprot protein database, using a precursor mass tolerance of 10 ppm and a product ion mass tolerance of 0.1 Da. A maximum of two missed cleavages per peptide were specified; carbamidomethylation at cysteine was used as a fixed modification and deamidation (Asn, Gln), oxidation (Met), acetylation (Lys and N-terminus), Na adduct (Asp, Glu, C-term), and pyroglutamination (Gln at N-terminus) were used as variable modifications in the database searches.
The PTM search examined the data for presence of 484 variable modifications from the Unimod database [31] and possible mutations leading to amino acid substitutions. The results from combination of database, PTM, and de novo searches were accepted at a false discovery rate (FDR) threshold of 0.1 %. Peptides with spectrum matches of −10logp values 15 or higher were used for downstream processing and building a glycoproteomics database.
Glycomics data analysis
Glycomics data were deconvoluted and deisotoped using DeconTools (version 1.0.5501) [32, 33] . Scan-specific monoisotopic peaklists from LC-MS analyses were matched against a combinatorically generated glycan composition database, using the following parameters:
Monosaccharide lower and upper bounds:
Rules:
Database generation and matching were performed using a 10-ppm mass error tolerance using GlycReSoft [34] .
Glycoproteomics data analysis
Informed databases for integrated omics were generated as described previously [28] , except that the only glycans which were included from the glycomics analysis had an aggregated abundance greater than twice the mean abundance of all glycan matches. Tandem mass spectra were identified by first recalculating the precursor ion monoisotopic mass and charge, followed by a database search procedure with a precursor mass tolerance of 10 ppm. For each glycopeptide which fell within the acceptable mass range, theoretical product ions for b, y, b plus HexNAc, y plus HexNAc, and intact peptide plus incremental losses of saccharide units (known as Bstub ions^), were assigned, as shown in the Electronic Supplementary Material (ESM) Fig. S1A . The tandem spectra were deconvolved and peaks were matched for each theoretical product ion with an error tolerance of 10 ppm, constructing a glycopeptide-spectrum match (GSM).
For each GSM, a score based upon peptide backbone coverage and presence of stub ions was computed and scaled to be between 0.0 and 1.0. For each spectrum where multiple glycopeptides could be assigned, all GSMs tied for the highest score were added to a results set.
For each experiment, a forward-sequence (target) and a reverse-sequence-with-valid-sequon (decoy) database was searched, and a q-value without PIT as described by Käll et al. [35] was computed for the paired result sets. Target spectra which had a q-value <0.05 were selected for inclusion in the final reported results.
Results
The complexity of a sample mixture has implications for both the analytics and informatics methods used in data acquisition and data analysis. Assumptions about sample complexity or purity can have serious consequences on the quality of data and information generated. Because population heterogeneity is inherent in glycoconjugates, the number of glycosylated molecular forms propagates quickly with added heterogeneity from bottom-up sample preparation methods and presence of other PTMs. Additional proteins or glycoproteins in the sample matrix will impact the analytical and informatics performance. Therefore, we assessed the effects of sample matrix complexity on analytical methods and informatics. We also demonstrated how integration of different data domains improves estimation of complexity and keeps false discovery rates in check.
Effects of assumptions about glycoprotein search space
Typical assumptions in glycoprotein characterization are related to sample purity. Most search spaces do not account for presence of contaminating proteins/glycoproteins in the sample analyzed. For biotherapeutic formulations, these contaminants are often components of the culture system used for production of the biomolecule. For biological samples derived from animals or plants, co-purified molecules from the sample matrix are commonly present. Commercially available standard glycoproteins are commonly used for method development and validation and are usually assumed to be pure; however, while the target glycoprotein may be the most abundant molecule present in the preparations, it is not safe to assume that it is the only (glyco)protein present. We assessed purity of commercially available AGP and transferrin glycoprotein standards using proteomics. Table S1 (see ESM) shows the top scoring proteins identified in the searches. It is clear from the proteomics results that several contaminating glycoproteins are present in the samples. Furthermore, Fig. 1A shows the total number of proteins identified in a proteomics analysis of each purified glycoprotein. While all standard glycoproteins originated from serum or plasma, each has its own unique subset of contaminants, which are co-purified despite the enrichment and purification steps.
Evaluation of search space construction methods: naïve versus informed
In addition to contaminating proteins present in the sample, presence of PTMs, non-specific cleavages, or missed cleavages in bottom-up sample preparation methods can also confound the data analysis. In the absence of a proteomics experiment, it is almost impossible to gauge the number and type of protein variants in the sample. Traditional proteomics search methods require the user to specify a list of modifications and proteolytic cleavage types to be considered, which also limits the search space to assumptions [36] .
Assuming 180 common glycoforms and the presence of deamidation (N/Q), oxidation (M), and water loss, a single glycopeptide from transferrin (QQQHLFGSNVTDCSGSFCLFR) will have 1440 structural possibilities. The degree to which the naïve approach estimates accurately the FDR depends on the assumptions; unfortunately, in the absence of data, there is no way of evaluating the correctness of these assumptions. As a result, the naïve method may over-or underestimate search space size. Underestimation arises when a glycoprotein is assumed incorrectly to be pure. This situation leads to false confidence in the results when FDR is calculated for glycopeptides derived from the pure glycoprotein. The presence of contaminating glycoproteins in the sample means that the search space is in reality much larger than assumed and that the FDR calculated from the assumed search space underestimates the rate of false identifications.
Overestimation of search space size is a result of including too many glycoproteins and glycoforms and may lead to inability to differentiate true from false identifications; in such cases many high quality tandem mass spectra will have spurious matches against components in the search space. In summary, the validity of an FDR calculation depends on the assumptions of search space size. To the extent that the search space accurately estimates sample complexity, the FDR correctly expresses the confidence of glycopeptide assignments.
Error-tolerant searches and de novo sequencing tools have gained popularity in proteomics [30, [37] [38] [39] . These allow the user to analyze data without bias from pre-defined search parameters to maximize coverage of the proteome with respect to the different molecular forms present. Glycosylation adds a large molecular weight and considerable macro and microheterogeneity, and occurs in addition to other non-glycan modifications present on proteins or peptides. Glycosylation also introduces glycosidic product ions in tandem MS, not found for unglycosylated peptides, complicating the identification process. As a result, proteomics search engines that perform error-tolerant searches are unable to handle complex glycosylation as a modification. For similar reasons, emerging software tools that are capable of assigning glycopeptide compositions are unable to perform large error-tolerant searches for other PTMs and therefore rely on user specified search spaces. We assert that the most efficient circumvention to this problem is to use the identifications from proteomics data to inform the search space for glycoproteomics.
To prove this, we used mzIdentML proteomics search results from a combination of error-tolerant and de novo searches and the confidently identified peptide molecular f o r m s t o b u i l d a s e a r c h s p a c e f o r a l l p o s s i b l e glycopeptidoforms present in our samples. Similarly, to define our glycoform search space, we performed glycomics searches on our released glycan pools and iteratively combined the results with the proteomics identifications that contained glycosylation sites. Figure 1 compares the sizes for a naïve search space (B), built for glycoprotein mixture 3 based on assumptions about glycoproteins and PTMs present versus an informed search space (C), built using the proteomics search results to define the range of glycoproteins and PTMs present in the sample and a further constrained informed search space (D) that included glycomics data. Strikingly, the proteomics and glycomics informed search space in panel D had less than half the number of total theoretical glycopeptides compared to the naïve search space in panel B. While proteomics information helped identify all contaminating glycoproteins in the sample, it can lead to an explosion of the search space size, which can render the glycopeptide search process inefficient; glycomics helped restrict the number of glycoforms to those that are actually detected in the glycomics analyses. It is therefore important to use both proteomics and glycomics in glycopeptide search space construction.
The site-specific glycoproteomes of transferrin and alpha-1-acid glycoprotein Figure 2 shows the base peak chromatogram (A) for sizeenriched glycopeptides from commercially sourced human transferrin. Chromatographic peaks corresponding to glycopeptides were identified based on the extracted ion chromatogram for the HexNAc and Hex-HexNAc oxonium ions (B and C). We interpreted the glycopeptide tandem mass spectra using a search space containing putative transferrin glycopeptides; this analysis identified three of the EIC peaks as transferrin glycopeptides. Next, we acquired proteomics data on the PNGaseF deglycosylated sample and found that hemopexin, a protein with five N-glycosylation sequons, was in the sample, in addition to transferrin (ESM Table S1B ). When we added hemopexin to the search space, we identified abundant chromatographic peaks corresponding to hemopexin glycopeptides.
α1-Acid glycoprotein contains two protein isoforms with five sequons, each [15, 40, 41] . To construct a naïve glycopeptide search space, we allowed 0-2 missed tryptic cleavage sites, methionine oxidation, and 0-1 sites of deamidation for asparagine-containing glycopeptides. Table 1 shows the naïve search space size calculated assuming pure AGP, AGP plus haptoglobin, and AGP plus haptoglobin plus transferrin. We then compared the results from our informed versus naïve search spaces.
The search space size ballooned 10-fold for the three protein mixture relative to the hypothetically pure AGP protein.
We acquired proteomics data for human AGP and found that in addition to the two expected isoforms, the sample contained haptoglobin, a protein that contains four N-glycosylation sequons, among the top scoring identified glycoproteins (ESM Table S1A ). For both AGP and haptoglobin, there were a large number of hypothetical glycopeptides. Tryptic haptoglobin had glycopeptides containing two sequons, thus the high mass and large number of hypothetical haptoglobin glycopeptides, as seen in ESM Fig. S3 .
Because of the sample complexity, we compared the ability to assign glycopeptide tandem mass spectra for a naïve search space versus a search space informed by proteomics and released glycan glycomics (Fig. 3A) . The glycomics results for AGP are presented in ESM Fig. S2 . Figure 3B , compares glycoproteomics search results using naïve versus informed hypotheses. The height of the curve at the red bar tells us how many predictions were accepted at our confidence threshold. The informed hypothesis retains substantially more predictions above the confidence threshold, compared to the naive hypothesis. Therefore, use of a search space informed by proteomics and glycomics data boosts our ability to assign glycopeptides from tandem mass spectral data with confidence. The profile of site-specific AGP glycosylation informed by proteomics and glycomics is shown in Fig. 5 .
Confidence in assignment of site-specific glycosylation of an analyte of interest in an increasingly complex matrix
Most glycoproteomics experiments rely on data-dependent acquisition that is directly affected by the complexity of the sample matrix. With increase in matrix complexity, the ability of the analytical methods to interrogate the analyte of interest decreases. The mass spectrometer may not be able to detect glycopeptides from the glycoprotein of interest depending on the relative abundance of the impurities and the dynamic range of the instrument. Moreover, even when the glycopeptides of interest are within the dynamic range, data-dependent acquisition methods spend less time on collecting tandem MS on these analytes in presence of contaminating glycopeptides/ peptides.
We constructed mixtures with scaling complexity by mixing together fixed quantities of different glycoprotein samples. Figure 4 shows how data quality for the AGP glycopeptides of interest deteriorates when complexity increases. Figure 4A shows overlaid base peak chromatograms for AGP alone, glycoprotein mix 3, glycoprotein mix 5 and serum (see the Experimental section for mixture definitions). With each increase in complexity level, the chromatogram became visibly more crowded. The non-AGP glycopeptides in the sample caused saturation of the column binding capacity leading to a decrease in intensity of the glycoprotein/peptides of interest, as seen in Fig. 4B . This could be a problem when trying to get quantitative LC-MS data, since sample matrix complexity could affect the dynamic range of the assay at both the column binding capacity and mass spectrometer detection levels. Figure 4D shows how the precursors were selected for tandem MS as sample complexity grows. The colored dots trailing along the x-axis represent tandem MS for different precursors. The long trails of colored dots in the 10-20 and 40-60 represent tandem MS on low abundance contaminants that elute over long periods of the LC gradient. In lower complexity samples, these contaminants were repeatedly selected for tandem MS due to the absence of other precursors eluting in these retention time ranges. In the 20-40-min retention time range where most glycopeptides were found to elute in the AGP chromatogram, multiple tandem MS were acquired for each precursor. This also allows proper triggering of tandem MS for the precursor selected at the chromatographic peak apex and resulted in good quality tandem mass spectra. On the other hand, the distribution of precursors in glycoprotein mix 5 and serum was very sparse and in most cases only a single tandem mass spectrum was collected per precursor. For a better comparison of the complexity of these samples, in Fig. 4C , we compared the average number of tandem MS per precursor for each complexity level. This showed that as the total number of unique precursors increased with increasing complexity, the time-spent acquiring MS/MS on each precursor diminishes. This became a serious limiting factor for low abundance glycopeptide glycoforms, which were either not selected for tandem MS or for which poor quality tandem MS were acquired. Thus, as the complexity increased, in glycoprotein mixes and serum, the mass spectrometer diminished in ability to handle the increase in co-eluting peptides/ glycopeptides and acquired fewer tandem mass spectra per precursor, resulting in poor data quality and lower identification rates.
The effect of increasing complexity was reflected in the depth of glycoform coverage for AGP glycosylation sites as shown in Fig. 5 . The most comprehensive assignment of glycopeptides came from the AGP only sample. As mixture complexity increased, the overall scores diminished, resulting in fewer assignments falling above the scoring threshold. This was due to the decreasing number of tandem mass spectra per precursor ion resulting from increased mixture complexity and the finite scanning speed of the instrument. The AGP precursor ion abundances decreased with mixture complexity. This was likely due to a combination of ionization effects and the limited capacity of the glycopeptide enrichment step, which limited the amount of total protein/ peptides loaded on to the analytical column. Since the bar plots represent the sum of fragment ion abundances for all scans matching a glycopeptide, the precursor that had the most high-scoring spectral matches also show up as the most abundant matches on the bar plots.
It was important to integrate data from proteomics and glycomics domains, for accurate estimation of the FDR and for setting confidence thresholds for accepting matched glycopeptide spectra for all complexity levels, as already shown in Fig. 3 . While a tandem MS may be acquired for all eluting glycopeptides, good spectral quality is essential for confident matching above the FDR thresholds. For some of the AGP glycosylation sites shown in Fig. 5 , glycoprotein mix 5 appeared to have more glycopeptide matches with glycoprotein mix 3. This was generally due to differences in the profile of co-eluting contaminating peptides that affect tandem MS acquisition.
Discussion
For most proteomics and glycoproteomics experiments, multiple sample clean-up and fractionation steps are used for reducing complexity before online LC-MS. While sample fractionation increases glycopeptide coverage, overall matrix complexity impacts the analysis of our molecule of interest. Since, heterogeneity of glycoforms is a major challenge in the analysis of glycoconjugates, the problem of defining the correct boundaries for data analysis is amplified many fold over non-glycosylated molecules. It is therefore important to account for the matrix contribution during data analysis so that assumptions about sample purity do not affect confidence in results. A better understanding of the matrix comes from integrating different data dimensions and prevents erroneous assignment of contaminant data to the analyte of interest, thereby lowering the false discovery rates. Since this step helps determine the nature of contaminants present in the sample matrix, it also guides choice of the appropriate methods required for further sample purification. This can greatly impact successful method development in an industry setting for analysis of biologicals [42] . Collectively, these results demonstrate the effect of assumptions about sample complexity on the false discovery rates and therefore confidence in analyses. Analytical method development benefits greatly from proper data analysis and results visualization to identify any issues that limit performance.
While method performance is heavily dependent on instrument hardware and software, it is essential to establish standard methods and datasets to use as benchmarks for tracking any changes in instrument and method suitability both within an experiment and over long-term use. Alpha-1-acid glycoprotein is reasonably complex, widely available, and can be handled by most LC-MS analytical platforms used for We demonstrated that predetermination of sample complexity is of utmost importance, when dealing with complex biological matrices. In the absence of empirically derived information, the multiplicity of molecular forms in glycoproteomics can easily overwhelm analytical methods that are not setup keeping sample and matrix complexity in mind. The ramifications are even more serious on the informatics end. Contaminating proteins, sample processing artefacts, unusual PTMs, mutations, and above all glycoforms can confound glycoproteomics data and severely inflate false discovery rates. Measurement of the proteome of glycoprotein sample constrains the search space size by defining the peptide variants actually present. This allows inclusion of contaminating glycoproteins detected in the proteomics data but were not included in the naïve search space, while preventing addition of unnecessary contaminants based on assumptions about matrix that may not be present in the sample, thus fixing the proteomics search space. In addition, profiling of the released glycans reduces the list of glycans present in the sample and efficiently constrains the search space size. Thus, proteomics and glycomics data help develop an efficient search space that prevents over-or underestimation of the glycosylated molecular forms present in a sample.
Naïve searches fail to eliminate unreasonable hypotheses because of the complexity of real life glycoprotein samples. As a result, the level of false identifications cannot be determined accurately. Informed searches allow unbiased definition of search spaces, thus helping determine confidence levels in assignments, accurately.
We conclude that sample complexity at which acceptable rates of false identifications occur need to be defined using data. We suggest use of AGP as a glycoprotein standard of complexity suitable to test the glycoproteomics workflows. This will help harmonize efforts in the glycoproteomics community and enable a better comparison of data quality and controls. Further, we suggest controls in which AGP is doped into the sample matrix to demonstrate that acceptable rate of false identification results. This will help the experimentalists identify and eliminate any flaws in their analytical strategies. 
